This paper presents a beat tracking system that processes acoustic signals of music and recognizes &mporal positions of beats in real time. Musical beat tracking is needed by various multimedia applications such as video editing, audio editing, and stage lighting control. Previous systems were not able to deal with acoustic signals that contained sounds of various instruments, especially drums. They dealt with either MIDI signals or acoustic signals played on a few instruments, and in the latter case, did not work in real time. Our system deals with popular music in which drums maintain the beat. Because our system examines multiple hypotheses in parallel, it can follow beats without losing track of them, even if some hypotheses become wrong, Our system has bem implemented on a parallel computer, the Fujitsu API 000. In our experiment, the system corred y tracked beats in 27 out of 30 commercially distributed popular songs.
introduction
Musical beat tracking systems are important for various multimedia applications. These systems recognize temporal positions of quarter notes, just as people keep time to music by hand-clapping or foot-tapping. Such a system is needed by applications, for example, video editing systems, in which a visuaf track can be automatically synchronized with an audio track using beat tracking. In particular, it facilitates the aliting of music promotion videos such as those on MTV since visual motions are synchronized with beats. In an audio editing system or hard disk recording system, beat tracking makes automatic indexing of music possible. The users of these systems can deal with acoustic signals as a set of beats instead of raw acoustic wave data. In live performances, furthermore, beat tracking is useful in the conmol of stage lighting by a computer. For instance, various properties of lighting such as color, brightness, direction, and effect can be changed in time to the music.
Previous beat tracking systems [1 ]- [7] have dealt with MIDI as their input. Their reliance on MIDI, however, limited the input source to electronic instruments, and moreover Permission to copy without fee all or part of this material is granted provided that the copies are not made or distributed for direct commercial advanta~e, the ACM copyright notice and the title of the publication and its date appear, and notice Is given that copying is by permission of the Association of Computing Machinery. To copy otherwise, or to republish, requires a fee and/or smcific Permission. The difficulties of tracking the beats in acoustic signals are:
(1) Acoustic signals sampled from a commercial compact disc consist of sounds of various kinds of instruments. (4) In general, it is difficult to determine which notevalue a beat corresponds to, and whether a beat is a strong beat or a weak beat.
To address these issues, BTS examines multiple possibilities of positions of beats in parallel. BTS computes the reliability of each onset time so that subsequent processing might disregard low reliability onset times. BTS uses a collection of programmatic agents, each of which interprets these onset times and prechcts the next beat according to its own strategy.
The position of the next beat is determined on the basis of the most reliable agent. In addition, BTS leverages the fact that for a large class of popular music, a bass drum and a snare drum usually sound on the strong and weak beats, respectively. By assuming that these drum-sounds are present, BTS cart detect them, infer the length of a quarter note, and determine whether a beat is strong or weak.
BTS has been implemented on a distributed memory parallel computer, the Fujitsu AP1OOO. BTS reports &eatinfor-mation (M) that consists OE the temporal position of a beat (beat lime), whether the beat is strong or weak (beat type), and the current tempo. BTS correctly tracked beats in 27 out of 30 popular songs sampled from commercially distributed compact discs.
Acoustic Beat-Tracking Issues
This section presents the beat-tracking issues and our solutions to them. These issues are classified into three groups: issues of signal processing, issues of real-time processing, issues of musical judgement.
0 Issues of signal processing 1. There is not necessarily a specific sound that directly indicates the position of beats. In fact, a musical beat may not directty correspond to a real sound; there may even be no signal on a beat. . . It is generally difficult to determine whetier a beat is a strong beat or a weak beat -i.e., it is difficult to track beats at the half-note level.
BTS assumes that the time-signature is 4/4, this being the most frequent time-signamre in the repertoire we are considering. To infer beat type, BTS also assumes that a bass drum (DO) usually sounds on a strong beat (the first or third quarter notes in a measure) and a snare drum (SD) on a weak beat (the second or fourth).
This does not mean that all BD and SD must sound on the strong and weak beats, respectively, but rather that that arrangement should be the most frequerm These assumptions fit a large class of popular music.
BTS, like human listeners, utilizes BD and SD as principle clues to the location of strong and weak beats. 
Overview of BTS

Extracting onset components
The onset components and their degree of onset (rapidit y of increase in power) are extracted t%omthe frequency spectrum. where p(t,~) is the power of the spectrum of frequency~at time t, pp and np are given by:
BTS regards the frequency component p(t,~) that fulfills
In other words, these conditions extract frequency components whose power has been increasing.
The degree of onset d(t, t) is given by: 
Finding onset times
The onset time is found by peak-finding in D(t) along the time axis, where D(t), the sum of the degree of onset, is defined by: 
Beat Prediction
Multipleagents interprettheresultsof the Frequency Analysis stage and maintain their own hypotheses, each of which consists of next beat lime predictwi, its beat type, its reliability, and cwmmt IBI. These agents, the number of which is NumAGENTS, arc grouped into pairs. Two agents in the same pair use the same IBI, and cooperatively predict the next beat times, the difference of which is half of the IBI.
This enables one agent to track the correct beats even if the other agent tracks the middle of the two successive correct beats. Agent-pairs differ (from other agent-pairs) in that they receive onset information from different onset-time finders.
The agent-pairs can, in turn, re-adjust the parameters of the onset-time finders based on estimates of their own reliability -in other words, there is feedback between the (high-level) beat-prediction agents and the (low-level) onset-time finders, Each agent has three parameters that determine its strategy for making the hypothesis.
Both agents in the same pair have the same setting of these parameters. The settings of these parameters vary from pair to pair. Because the input signals are examined by these various viewpoints, various hypotheses can emerge.
The first and second parameters are sensitivity and fre-quency range. These two parameters control the parameters with the time that corresponds to the position of an eighth of an onset-time finder, and influence the onset-finding stra[-note or a sixteenth note, the reliability is slightly increasd. egy. The third parameter, his[ogramming strafegy, takes the C)lherwise, the reliability is decreased.
value successive or alternate. When the value is successive, successive onsets are used in forming the inter-onset-interval (fOf)4 histogram; when the value is aherna(e, alternate values are used. If the reliability of an agent remains low for a long time, the agent adjusts these parameters so that they are close to these of the most reliable agent-
The following sections discuss the formation and management of hypotheses. First, each agent calculates the IBI, and then predicts the next beat time and evaluates its own reliability (3.2.1). Second, the agent infers its beat type and modifies its reliability (3.2.2). Finally, the most reliable hypothesis is selected from hypotheses of all agents (3.2.3).
Predicting next beat
Each agent predicts the next beat time by adding the cur-
Inferring beat type
Each predicted beat time is labeled with its beat type in this process. Although it would be better to infer the beat type on the basis of a variety of clues, in our current implementation, the beat type is inferred only from the onset times of BD and SD. performs some post-processing operations and preparations sive onsets.
for transmission of B1 to the network. Figure 7 shows the implementation on a distributexl mem- ................ .............. The frame-time is the unit of time used in BTS, and the term "time" in this paper is defined as the time measured with the frame-time.
Implementation
SceU~ean$~pmc~~ing eiement in tie API 000. Eachcdl c~sisls of a 25MHz SPARC wirh FPU, 16Mby1es DRAM and 128kbyles direct-mapped cachememory. 
Experiments and Results
We tested BTS on 30~pular songs in the rock and pop Litle ( lemp  78  99  106  1C6  109  109  114  115  115  121  123  133  139  151  156  I57  159  168 " There were 12 other Japanese songs in which BTS correc~y tracked beats, &sides those listed above.
The test results are shown in beat times correctly; however, the beat typ was sometimes wrong. The power of BD was sometimes too low to detect lhe peak frtqucncy corresponding to BD. Because the lowest dctrwted peak corresponded to SD, BTS regarded SD as BD.
In the song No.7, although BTS tracked beat times correctly, the beat type was reversed as if BD were SD. BTS did not acquire the characteristic frequencies of BD and SD correctly, because both of the lowest peak and the maximum peak of the hislogram were the common frequency peaks in borh BD and SD. In the song No. ] 5, BTS tracked beats correctly, for the most part, but during about three measures in the middle, the beat type was reversed due to some irregular rhythm in the drums. •l Real-time computer graphics BTS makes it easy to create real-time computer graphics synchronized with music. For example, a virtual dancer on a computer graphics display may dance in time to music using BI. The motion, step and position of the dancer e-an be changed with the beats. We have developed a server eallcxi RMCP Animation Server on the RMCP system, which displays a virtual dancer whose motion is changed with beats in red time ( Figure 9 ).
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Conclusion
We described the configuration and implementation of a real-time beat tracking system (BZS). BTS tracks beats in acoustic signals that contain sounds of various instruments that include drums, and reports beat information corresponding to quarter notes in time to input music. BTS has been implemented on a parallel computer, the Fujitsu AP1OOO. In our experiment, the system correclly tracked beats in 27 out of 30 popular songs in the rock and pop music genre.
BTS manages multiple agents that track beats according to different strategies in order to examine multiple hypotheses in parallel. This enables BTS to follow beats without losing track of them, even if some hypotheses become wrong. BTS automatically acquires the characteristic frequencies of bass drum and snare drum, and then detects them. This makes it possible to determine whether a beat is a strong beat or a weak beat.
We plan to improve the algorithm of the Beat Prediction stage in order to reduce the limitations on the input. Future work will include improvement of the method of detecting drums, a study on recognition of higher level musical events such as the beginning of measure, and application to a multimedia system.
